Motivation: Gene expression data have become an instrumental resource in describing the molecular state associated with various cellular phenotypes and responses to environmental perturbations. The utility of expression profiling has been demonstrated in partitioning clinical states, predicting the class of unknown samples and in assigning putative functional roles to previously uncharacterized genes based on profile similarity. However, gene expression profiling has had only limited success in identifying therapeutic targets. This is partly due to the fact that current methods based on fold-change focus only on single genes in isolation, and thus cannot convey causal information. In this paper, we present a technique for analysis of expression data in a graph-theoretic framework that relies on associations between genes. We describe the global organization of these networks and biological correlates of their structure. We go on to present a novel technique for the molecular characterization of disparate cellular states that adds a new dimension to the fold-based methods and conclude with an example application to a human medulloblastoma dataset. Results: We have shown that expression networks generated from large model-organism expression datasets are scale-free and that the average clustering coefficient of these networks is several orders of magnitude higher than would be expected for similarly sized scale-free networks, suggesting an inherent hierarchical modularity similar to that previously identified in other biological networks. Furthermore, we have shown that these properties are robust with respect to the parameters of network construction. We have demonstrated an enrichment of genes having lethal knockout phenotypes in the highdegree (i.e. hub) nodes in networks generated from aggregate condition datasets; using process-focused Saccharomyces cerivisiae datasets we have demonstrated additional highdegree enrichments of condition-specific genes encoding proteins known to be involved in or important for the processes * To whom correspondence should be addressed.
INTRODUCTION
In model organisms such as the yeast Saccharomyces cerevisiae and the nematode Caenorhabditis elegans, there exists a wealth of publicly available gene expression data from experiments designed to perturb the transcriptomes of the organisms by subjecting them to various environmental conditions. Data from these experiments have been subjected to various clustering algorithms in an effort to identify genes involved in similar functional roles (Eisen et al., 1998; Tamayo et al., 1999) . Significance analysis has provided insight into specific cellular states by identifying individual genes with corresponding altered expression (Ideker et al., 2000; Rocke and Durbin, 2001) .
In clinical applications, expression data have been successful in partitioning distinct states and predicting the class of unknown samples, providing a molecular basis for the diagnosis of otherwise difficult to distinguish pathologies (Golub et al., 1999; Shipp et al., 2002) . However, its utility in identifying targetable genetic components associated with disease states has been limited by the inability of fold-change based metrics to discriminate which of many differentially expressed genes may play a causal role in producing that state from those that are higher-order effects of pathology.
Recently, application of graph theory to the analysis of biological data has provided insight into the topology of biological networks, showing that such diverse structures as the food-web, the yeast protein-protein interaction map, metabolic reaction pathways and conserved genomic associations are scale-free, i.e. they exhibit power-law node-degree distributions (Jeong et al., 2001; Ravasz et al., 2002; Snel et al., 2002; Williams et al., 2002) . These conserved structural properties can provide a framework for the characterization of the networks' constituents. For example, analysis of the yeast protein-protein interaction network revealed that highly connected nodes are more likely to be essential for survival (Jeong et al., 2001 ).
All the above networks are made up of directly observable physical links corresponding to static biological entities; we present an analysis of network structures derived from significant pairwise expression profile associations across dynamic environmental perturbations. Because the transcriptional response of cells to changing environmental conditions involves the coordinated co-expression of genes encoding proteins that must work in concert to achieve an adaptive response, examining conditional patterns of co-expression can provide insight into the underlying cellular processes activated in a particular state.
In this study, we show that the global topological properties of gene expression association networks are consistent with those of previously characterized biological networks. Also, we present a statistical method for assessing the significance of gene-class enrichments associated with network connectivity and apply this method to establish biological correlates of these network structures. Using what we have learned about the topology of these networks, we introduce a novel method for the characterization of disparate cellular states and identification of discriminating genetic elements, with validation examples from yeast networks.
We discuss hypothetical origins of the observed network structures within an evolutionary context and provide a conceptual framework for the application of this technique to clinical datasets, concluding with an example from human medulloblastoma.
METHODS

Network generation
'Relevance networks' is an unsupervised technique for generating networks of expression profile associations based on exhaustive pairwise comparison coupled with permutationbased significance thresholding (Butte et al., 2000) . Relevance networks consist of nodes, representing the expression profile of a particular gene, and links representing significant associations between expression profiles (e.g. Pearson correlation). By using a permutation test we were able to set an association significance threshold, and by doing so establish the set of links. We have analyzed publicly available gene expression data from S.cerevisiae (Gasch et al., 2000; Eisen et al., 1998) and C.elegans (Kamath et al., 2003; Kim et al., 2001) . We chose these organisms because of the availability of large expression datasets, abundance of gene functional annotation and systematic knockout phenotype data (Kamath et al., 2003; Giaever et al., 2002) .
For each network, we computed all the Pearson correlation coefficients for the set of (N 2 − N)/2 pairwise relationships between the N genes in the dataset. We estimated a nullhypothesis pairwise correlation distribution by independently permuting the components of each gene expression vector and recomputing all correlations. This enabled us to estimate a P -value for each observed correlation calculated in the original expression dataset. We set a P -value threshold of 10 −5 for every network discussed in this report. These P -values are uncorrected for multiple comparisons. Several strategies for determining an adjusted false discovery rate exist; it is our feeling that unadjusted P -values are acceptable at this stage since the linked/not-linked dichotomy is somewhat artificial (see limitations).
Two genes are considered linked if their observed correlation level exceeds that corresponding to this significance level. It is important to note that this method is very sensitive to the number of expression conditions comprising the dataset being analyzed because it is far more likely to observe a high correlation following random permutation of data coordinates when the dimension of the vectors being correlated is small. By holding our significance level constant when generating networks from datasets of varying dimension, we generated networks with varying connectivity. It was our feeling that retaining as many relationships as we could ascertain were significant was a better strategy than attempting to normalize network size by varying significance thresholds.
Network analysis
Degree exponent was estimated by performing a least-squares fit to the log-log plot of K versus number of nodes with degree ≥ K (Fig. 1) , the low error of this fit indicates a clear power-law governing node-degree distribution. To establish that the scale-free property of the generated networks was due to biological structure (as opposed to a property of the similarity metric used), we generated equivalently sized networks after randomly permuting the coordinates of each expression profile. The degree distribution in these networks followed the Poisson distribution characteristic of random networks (Fig. 1) . Properties of all computed networks are summarized in Table 1 .
The clustering coefficient of a graph node is the ratio of observed connections among the node's neighbors over the maximum number of such connections possible: (N 2 − N)/2 for a node with N neighbors. Therefore, nodes with clustering coefficient equal to 1.0 are part of a fully interconnected module. We calculated the average clustering coefficient over all nodes with degree >1 for each generated network.
In order to confirm that the global topological properties of relevance networks are stable with respect to the choice of similarity metric used and the significance threshold selected, Fig. 1 . Scale-free topology and permutation-based edge selection thresholding in relevance networks. Log-log plots of node-degree reveal a clear power-law distribution. For each organism, relevance networks were calculated using all available expression data, corresponding to 322 conditions in yeast and 553 in nematode. A correlation threshold of ±0.5 was used for selecting links, resulting in 940 162 and 768 347 links in the yeast and nematode networks, respectively. Node-degree distributions for yeast (A) and nematode (B) relevance networks. Equivalently sized networks were generated for each organism by selecting the determined number of links with the greatest significance following permutation; the resulting node-degree plots follow the Poisson distribution characteristic of random networks (permuted). Distributions of expression profile association before and after independent random permutation of each profile for yeast (C) and nematode (D) relevance networks. Regions of significant correlation and anti-correlation are apparent for both organisms.
we generated networks of varying association type and size. Properties of these networks are summarized in Table 2 .
Significance assessment of connectivity gene-class enrichments
In order to estimate the significance of observed enrichment of specific gene-classes as high-degree nodes, we derive a statistical test for comparing two distributions of rank scaled, continuous or discrete data based on the Kolmogorov-Smirnov test (Kiefer, 1959) . The objective is to determine whether an observed quantity x follows the same distribution in two classes. The null hypothesis H 0 states that x is distributed identically in both classes. Data are shown from networks constructed from the yeast composite expression data.
Pearson correlation was used to quantify expression profile associations; networks were constructed by selecting the indicated number of edges having the highest absolute association value. The value of the characteristic exponent, regression error and mean clustering coefficient are all largely independent of the number of edges selected. Similar results were obtained using mutual information and Euclidean distance to quantify profile associations (data not shown).
Our test statistic is computed as follows. All N sample elements are ordered according to x, such that x i−1 ≤ x i for all 1 ≤ i ≤ N. Let K denote the number of elements in the first class and k(n) the number of such elements in the first class among the first n; n − k(n) are in the other class. We consider only transitions of x, because for a discrete x, the order within a run is immaterial. Let T = {n ∈ [1, N −1] | x n−1 < x n }. Our test statistic m is defined as:
The Kolmogorov-Smirnov test, adapted to compare two empirical distributions uses
This function weighs deviations equally for all n, although H 0 implies smaller expected deviation for n close to 0 or N . To take this into account, we use the hypergeometric probability of finding exactly k elements of class 1 and n − k of class 2 in a draw of n elements from a population of size N containing K members of class 1 and N − K members of class 2 total:
While m does not follow a well-known distribution, we can compute its exact distribution for any given N , K and
The resulting P -values express the probability, given H 0 , of randomly finding M ≤ m (observed). Note that this empirical significance estimation is crucial, as the assumptions of the original test are not met in this modified version.
The null hypothesis postulates identical distributions; a small (significant) P -values indicate that they are not identical. For example, the degree in the observed group might be higher, lower or very less. It is therefore necessary to verify independently that the estimated significance is indeed due to the expected type of enrichment.
Gene process annotation
In order to establish the enrichment of process specific genes in high-degree nodes of networks generated from processfocused yeast expression data, we grouped genes into classes based on their Gene Ontology annotations. We obtained the annotation data from the Saccharomyces Genome Database; these assignments were nearly all independent of expression profile analysis (only 139 of 29 741 annotations had an 'IEP' evidence code). Specifically, we considered genes with ontology terms matching 'ribosome', 'ribosomal', 'translation', 'protein biosynthesis' to be involved in general protein synthesis. Genes matching 'transcriptional regulator', 'transcription factor' were considered to be involved in expression regulation. Genes matching 'sporulation', 'meiosis', 'meiotic', 'bud', 'mating' were considered to have known roles in yeast sporulation. Genes matching 'stress', 'heat shock', 'folding', 'chaperone' were considered to have known roles in the yeast heat shock response. Genes matching 'vacuole', 'vacuolar', 'aerobic respiration', 'glyco*', were considered to have known roles in the yeast diauxic shift response.
RESULTS
Global properties of relevance network topology
Properties of all the calculated networks are summarized in Table 1 . Analysis of the generated networks confirmed the power-law degree distribution property for expression datasets from both yeast (Fig. 1A) and nematode (Fig. 1B) . After removing the biological component of association by random permutation of each profile, the distribution of node-degree resembled that of an Erdõs-Rényi random network (Erdõs and Rényi, 1960) .
The average clustering coefficient for our expression networks ranged from 0.32 to 0.59 (Table 1 ). This level of local clustering is several orders of magnitude greater than that predicted by a pure scale-free growth model, suggesting an underlying hierarchical organization of modularity in these networks that is consistent with previously characterized biological networks (Ravasz et al., 2002; Snel et al., 2002) .
Network analysis under varying significance thresholds revealed that both these global topological properties are robust to this parameter (Table 2) . Significantly, we also found that network degree is not correlated with mean expression level (Table 1) , and can therefore be used as an additional axis with which to characterize a gene's behavior in cellular states described by expression data.
High-degree nodes are enriched in essential genes
Discovery of scale-free topology in gene expression networks led us to investigate the nature of the high-degree nodes (i.e. hubs). Previously, it has been shown that the hub nodes of protein-protein interaction networks are more likely to be encoded by essential genes (Jeong et al., 2001) . We sought to investigate whether the hub nodes from our relevance networks based on gene expression data also exhibited this tendency.
Using data from systematic gene-deletion experiments in these organisms (Kamath et al., 2003; Giaever et al., 2002) , we associated the corresponding gene-deletion phenotype of viable or lethal with the degree of the gene in the relevance network. Enrichment of essential genes in high degree nodes is apparent from visual inspection (Fig. 2a and b) ; essential gene-class enrichment scores for the yeast (P < 1.45×10 −4 ) and worm (P < 7.45 × 10 −150 ) networks confirm the significance of this enrichment (the large disparity in significance may be partly due to the much larger number of genes in the C.elegans genome).
Process specific gene-classes are enriched in connectivity when networks are constructed from focused expression data
Examining networks generated from large diverse datasets identified genes generally necessary for the survival of the two organisms. Therefore, we reasoned that using datasets that are focused on particular environmental conditions (e.g. heat shock), we should observe an association between gene connectivity and involvement in specific biological processes executed in response to those conditions. We analyzed networks from multiple distinct yeast expression datasets specific to sporulation, heat shock, diauxic shift and other environmental perturbations (Table 1) . We calculated the observed enrichment scores of process-specific gene-classes as high-degree nodes (Table 3) , and plotted node degree against mean expression for networks corresponding to diauxic shift, heat shock and sporulation conditions (Fig. 3A-C) . Examination of the degree-expression level plots suggests that genes related to the biological processes activated in each condition tend to have a higher mean expression and network degree than genes from other processes. The calculated enrichment scores of gene-classes related to these conditions confirm the significance of this finding. This suggests that, in addition to being up-regulated, these genes have more non-random associations with other genes, indicating their participation in dynamic expression modules. Furthermore, genes involved in protein synthesis are down-regulated in these conditions, but tend to have high degree. This may be explained by the fact that many of these genes are known to have common regulatory elements, allowing the cell to regulate efficiently their transcript levels as a module (Planta, 1997) . It should be noted that since this expression data are Fig. 2 . High degree nodes are more likely to correspond to essential genes. Genes for yeast and C.elegans were sorted into 10 buckets based on degree in their respective relevance networks. The percentage of essential genes in each bucket is plotted (calculated as 100 * the number in that bucket having lethal KO phenotype/total annotated in that bucket) for yeast (a) and nematode (b). The overall percentage of essential genes is overlaid as a bold dotted line. Buckets containing higher degree nodes show increased percentages of essential genes.
based on two-color microarrays, each gene's expression level is reported relative to its baseline control level.
DISCUSSION
Significance of expression network structure
We have shown that relevance networks based on gene expression profile associations are scale-free, but have a greater degree of modularity than expected for this class of networks, a finding consistent with previously characterized biological networks comprises physical links. These results are For the sporulation and heat shock networks, the maximum enrichment of any tested class was observed in sporulation and heat shock genes, respectively. For the diauxic shift network, we were unable to ascertain significant enrichment of any gene-class. This may be an artifact of our system for assigning processes to genes (see Methods section). Visual inspection of degree versus expression for the diauxic shift network (Fig. 3A) suggests that at least some diauxic shift genes are both up-regulated and highly connected under these conditions. significant in demonstrating that expression-based networks resemble biological networks comprising physical interactions and associations, thus establishing that expression data are capable of accessing global properties of biological organization. Furthermore, because expression data could report the dynamic activity of genes under diverse environmental conditions, analysis of these networks can provide an additional window into the complexity of coordinated gene regulation under specific conditions of interest.
Clinical application of differential gene connectivity
We have demonstrated that gene expression network connectivity is a relevant dimension specifying a gene's involvement in the environmental response program interrogated by a microarray experiment. This finding suggests a novel method for molecular characterization of a biologically or clinically relevant condition by examining the differential connectivity of expression profiles in that condition relative to their control levels. Extension of this technique to clinical situations, while practically simple, is conceptually non-trivial, as data points in clinical expression datasets typically correspond to individual patients (as opposed to time points or dosage levels). It is therefore necessary to consider the meaning of profile association across patients; the genetic heterogeneity of an out-bred patient group serves as background perturbation analogous to the varying time-points or dosage levels used with (typically isogenic) populations of the model organisms. Fig. 3 . Node-degree and mean expression level segregate genes by biological process. Mean expression versus degree deviations is plotted for networks generated from diauxic shift (A), heat shock (B) and sporulation (C) datasets. Degree is expressed in units of the SD from the mean of the degree distribution for each network. Genes were assigned functional roles based on their gene ontology annotations (see Methods section). For clarity, genes that do not match any of the functional categories listed are not shown. These plots illustrate how network connectivity data may provide an additional axis of discrimination beyond traditional fold-analysis.
The conserved clinical categorization of patients, representing a distinct cellular phenotype, is therefore analogous to a specific environmental perturbation of a model organism. It should be noted that, unlike mean fold-change based metrics, correlational network connectivity is conceptually robust to genotypic variation within patient groups. We have applied network connectivity analysis to a clinical dataset consisting of medulloblastoma patients segregated by treatment outcome into two groups (Pomeroy et al., 2002) . We were successful in identifying platelet derived growth factor receptor alpha (PDGFRA) as the third most differentially connected gene of ∼7000 analyzed across these groups (Fig. 4) . This receptor plays a critical role in cellular proliferation and development and has been validated previously as a potential target for therapeutic treatment of medulloblastoma (Tobey et al., 2001) . The gene was originally implicated partially by its up-regulation in metastatic versus non-metastatic medulloblastomas (Tobey et al., 2001 ) (a priori knowledge of its functional role in cell proliferation and adhesion led to its further investigation). We used expression data from a subsequent study designed to derive an expression signature indicative of patient prognosis. The training set in this study consisted of samples segregated by eventual clinical outcome (survivors, failures). While the original analysis of this data based on differential expression alone did not include PDGFRA as one of the genes most significantly predictive of outcome (Pomeroy et al., 2002) , unsupervised analysis using differential connectivity strongly implicated this gene. Neutralizing antibodies to PDGFRA have been shown to reduce metastatic behavior in vitro (Tobey et al., 2001) ; the Fig. 4 . Differential connectivity strongly implicates PDGFRA in poor medulloblastoma clinical outcome. Examination of differential expression versus differential connectivity plots reveal that, in addition to being up-regulated in patients with poor outcome, PDGFRA has many more non-random associations with other genes in these patients. Differential connectivity is computed by subtracting genes' degree in the first network (alive) from its degree in the second (fatal). To normalize for different overall network sizes, degree is expressed in units of the SD from the mean of the degree distribution for each network. Differential expression is expressed using the signal to noise statistic (Golub et al., 1999) . Genes were assigned to functional classes based on gene ontology data provided by Affymetrix. combination of differential expression and connectivity may be generally indicative of a causal role in the phenotypic distinction being investigated.
Limitations and future work
Sensitivity of network generation in this analysis was limited by the imposition of a similarity threshold to derive an artificial 'linked/not-linked' dichotomy; extension of the relevant graph-theoretic concepts to networks with varying edge strengths corresponding to the magnitude of calculated association could potentially uncover additional biological structure.
In addition, application of differential connectivity to additional clinical datasets coupled with biological validation of the identified genes would be useful in further evaluating the technique and potentially identifying novel therapeutic targets.
Although we have established that global topological properties are conserved in correlational expression and physical interaction networks, the full significance of this finding is not well understood. Clearly, these networks represent distinct ontological classes; further investigation is called for to establish the principles by which hierarchical scale-free organization arises in biological systems.
In order to partially address this problem, we attempted to determine if there existed a relationship between the degree of a gene in a protein interaction network and its degree in our calculated expression network. Taking data from a previous yeast protein-protein interaction project (Uetz et al., 2000) , we calculated the Pearson linear correlation coefficient and the Spearman rank-order correlation between the degrees of 822 genes for which the degree in both networks was available. The resulting values of −0.019737 and −0.02964, respectively, indicate that if a relationship between these two networks exists, it will be non-trivial to uncover. Comparison of the modules observed in these relevance networks to previously characterized modules of co-expressed genes could help to provide additional insight into their biological relevance.
Scale-free, hierarchical networks can be generated artificially by a process of connecting the periphery of dense modules to a central structure, and then iterating this process in a self-similar manner by connecting the periphery of replicas of this new module to the original central structure (Ravasz et al., 2002) . It is therefore possible that the observed structure of these expression networks has its origins in an analogous process of repeated genomic duplication and divergence events over the course of evolution (Prince and Pickett, 2002) . Freed from selective pressure, duplicated copies of pleiotropic genes may tend to lose sub-components of their original functions, reducing redundancy (Force et al., 1999; Lynch and Force, 2000) . Subsequent mutations in their regulatory elements could result in separate expression domains, all of which must be coordinated as a module to reconstitute the original functionality (Force et al., 1999 (Force et al., , 2004 . Further investigation of expression network structure in the context of evolutionary genomics may elucidate the processes by which these networks arise and provide insight into their relationship to other types of biological networks.
